Cell lines are widely used as in vitro models of tumorigenesis. However, an increasing number of researchers have found that cell lines differ from their sourced tumour samples after long-term cell culture. The application of unsuitable cell lines in experiments will affect the experimental accuracy and the treatment of patients. Therefore, it is imperative to identify optimal cell lines for each cancer type. Here, we review the methods used to evaluate cell lines since 2005. Furthermore, gene expression, copy number and mutation profiles from The Cancer Genome Atlas and the Cancer Cell Line Encyclopedia are used to calculate similarity between tumours and cell lines. Then, the ideal cell lines to use for experiments for eight types of cancers are found by combining the results with Gene Ontology functional similarity. After verification, the optimal cell lines have the same genomic characteristics as their homologous tumour samples. The contaminated cell lines identified in previous research are also determined to be unsuitable in vitro cancer models here. Moreover, our study suggests that some of the commonly used cell lines are not suitable cancer models. In summary, we provide a reference for ideal cell lines to use in in vitro experiments and contribute to improving the accuracy of future cancer research. Furthermore, this research provides a foundation for identifying more effective treatment strategies.
Introduction
Cell lines have been used in a large number of scientific experiments as in vitro models of malignant tumours. Research has shown that the genetic alterations in tumour-derived cell lines are similar to their corresponding tumours [1] . Therefore, the correct use of these cell lines could greatly accelerate the understanding of cancer biology. However, some studies have demonstrated genetic differences between cancer cell lines and their corresponding tumour samples after long-term artificial culture, which could be because of improper cultivation or the occurrence of frequent mutations [2] [3] [4] [5] [6] [7] [8] [9] .
Cell lines have already been widely applied to assist in the diagnosis and treatment of cancer and in the development of new treatment strategies for cancer. Therefore, improperly using cell lines for research not only can distort the result of the experiments but also has the potential to cause patients to receive an incorrect or potentially hazardous treatment [10] . Nevertheless, a large amount of research still uses improper cell lines. These biased experimental results will affect the credibility of cancer research and increase the difficulty of finding new treatments. Thus, it is imperative to evaluate the suitability of the cell lines that are used as in vitro models of tumours.
Increasing evidence has indicated that cancer-related genes generally have differential expression, copy number alterations and mutations. Genetic alteration is a major mechanism underlying the transformation of normal cells to cancerous cells [11, 12] . Driver alterations can cooperatively disrupt a cascade of crucial biological pathways and thereby provide cells with significant growth advantages [13, 14] .
With the improvement of high-throughput sequencing technology, a large number of gene expression differences, DNA copy number alterations and mutations in individual cancers were revealed [15] [16] [17] . Therefore, it is possible to evaluate the suitability of cell lines on the genomic level. Domcke et al. [18] used a fitness score to evaluate cell lines with the same genomic characteristics as high-grade serous ovarian cancer (HGSOC) tumour samples. They demonstrated that the most commonly used HGSOC cell lines are not appropriate, but that cell lines more analogous to tumour samples are not often wielded in the laboratory. However, their research only concerned one cancer subtype. Olarerin-George et al. [19] analysed the RNA sequencing (RNA-seq) data of 9395 robust primate samples to evaluate the extent of mycoplasma contamination in cell culture. The results showed that 11% of the samples were contaminated. However, they only studied the samples at the expression level and expounded on the phenomenon of cell line contamination, but did not indicate which cell line would be a better in vitro model. Experimenters are badly in need of a list of cell lines that are closer to the source tumour samples to perform in vitro experiments across cancer types. With such a list, they could research cancer mechanisms more accurately and create more effective treatments.
Different types of cancers have specific genomic characteristics [20, 21] , even from the same tissue [22] . Therefore, a cell line is the ideal representation of the original tumour if it has the same expression, copy number alterations and driver mutation or other genome variations as the tumour samples. The Cancer Genome Atlas (TCGA) provides the gene expression, copy number and mutation profiles of a wide variety of cancers [23] . Similarly, the Cancer Cell Line Encyclopedia (CCLE) offers gene expression, copy number and mutation profiles of multiple types of tissues [24] . Using this information, we can compare various cell lines with tumour samples in these data sets.
In this study, we first reviewed the methods used to evaluate cell lines since 2005. Most of these methods did not use highthroughput data and concentrated on only one cancer or a few cell lines. Next, we downloaded the gene expression, copy number and mutation profiles of tumour samples and cell lines from TCGA and CCLE, respectively. Similarity in the expression, copy number and mutation frequency and type between tumour samples and cell lines was calculated to identify the cell lines with similar genetic characteristics as tumour samples. Then, the Gene Ontology (GO) term network affinity between the samples was calculated to screen cell lines on the functional level. Finally, we identified optimal cell lines as in vitro models for eight types of cancers: breast invasive carcinoma (BRCA), ovarian serous cystadenocarcinoma (OV), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), colon adenocarcinoma (COAD), rectum adenocarcinoma (READ), glioblastoma multiforme (GBM) and brain lower grade glioma (LGG). We further verified the cell lines represented by A2780 that were contaminated and were no longer suitable for use as a cancer model. Overall, the similarity between the cell lines and their corresponding tumour samples was studied on the genomic level. The mechanisms for which these cell lines are used as in vitro models were illuminated more deeply, which has acute significance. This work provides a list of optimal cell lines and will help researchers choose cancer models and improve the accuracy of their experiments.
Materials and methods
Gene expression, copy number and mutation profiles Expression, copy number and mutation profiles for eight types of cancers (BRCA, OV, KIRC, KIRP, COAD, READ, GBM and LGG) were downloaded from TCGA. Specifically, KIRC and KIRP are two subtypes of renal cancer. COAD and READ are two subtypes of intestinal cancer. GBM and LGG are two subtypes of glioma. The samples which associated with more than one barcode were deleted. The quantity of the samples for each profile is shown in Table 1 .
The profiles for the cell lines were downloaded from CCLE if the cell line had expression, copy number and mutation profiles available. The number of samples and the cancer type for each cell line are shown in Table 2 .
Series GSE2109 was downloaded from the Gene Expression Omnibus (GEO) [25] . In total, 353 breast, 400 intestine, 281 kidney and 199 ovary samples were used in this study to confirm our results by using data from different sources.
Cancer-related genes
Cancer-related genes were downloaded from four databases (Cosmic [26] , GAD, Phenopedia [27] and OMIM [28] ). The number of related genes for each cancer is shown in Table 3 .
The similarity between samples
For TCGA copy number data, we chose hg19 and then used Gistic2.0 [29] to obtain a copy number matrix. Only the rows in the expression and copy number matrixes for cancer-related genes were retained. Genes with missing values in >5% of the samples were removed, and we then obtained the other missing values using the k-nearest neighbour method. For mutation data, the silent mutations were deleted. Because CCLE detected Table S1 ) in TCGA data as well.
Regarding the different data platforms of TCGA and CCLE, the DWD method [31] in the CONOR package [32] was applied for multiplatform normalization. After normalization, the expression and copy number values were accurate to nine decimal places. Tiny fluctuations in these values may greatly influence the rank. Two decimal places were reserved so we could put several slightly different values as the same rank to reduce the influence of numerical fluctuation.
Kendall Rank Correlation Coefficient [33] (KRCC, s) was applied to calculate the correlation of expression and copy number between the tumour (X) and cell line (Y) samples:
where C is the number of concordant pairs, and D is the number of discordant pairs.
N is the length. The elements with the same value are grouped. There are s groups in X and m groups in Y. U i and V i are the number of elements in the ith group.
The corresponding P value was computed by either the exact permutation distributions (for small sample sizes) or largesample approximations.
The threshold of correlation coefficient was decided by the median of the distribution of the correlation between cancer samples. The significance threshold for the correlation was set to P < 0.05 based on other works. To confirm the threshold was indeed statistically significant, we repeated the calculation of the correlation 100 times with permuted data, obtained by randomly switching the genes' IDs. When P < 0.05, the same correlation coefficient threshold as the real data was set to the permuted data. And the numbers of correlated pairs of real and permuted data were compared [34] .
The screening of variant genes
Differentially expressed genes were selected. For each gene, the fold-change [35] (Fold_c) value (log 2 ed) of its expression and the median expression of normal samples were calculated. The threshold of Fold_c is >2 or <0.5. Fold-change significance was assessed using a t-test. After 1000 simulations, the significance threshold of corrected P value was set to false discovery rate (FDR) [36] 0.05 [37] .
Genes that underwent copy number alterations were selected. The discretization of copy number was defined according to the standard of Ciriello et al. [20] . Briefly, the copy number value of protein-coding genes in tumour samples within the range [À0.1,0.1] indicates that the gene is diploid and does not have a copy number alteration, as denoted by '0'; greater than 0.1 indicates a copy number amplification, denoted by '1'; and less than À0.1 indicates a copy number deletion, denoted by 'À1'.
The construction of the GO term network
Human blood pressure terms were picked out from gene2go (18 March 2015 updated), which was downloaded from NCBI. The GO term network was built from GO: 0008150 [38] . Only considering 'is_a' relationships, the final network includes 9536 terms and 13 076 edges.
GO enrichment analysis
Cumulative hypergeometric inspection was applied to GO enrichment analysis:
where N is the whole number of genes. M is the number of genes on a term. n is the intersection of interested gene set and N. i is the intersection of M and n. Significance threshold of hypergeometric test was set to P < 0.05 and FDR 0.05.
The similarity of networks
Three types of variant genes of each sample were enriched to GO terms, and each term was coloured. A term was coloured yellow, blue or red if one, two or three types of variation existed, respectively. The network similarity score (Score) was calculated for each pair of tumour and cell line samples, defined as
where T is the number of enriched GO terms of the tumour sample and C is the number of enriched GO terms of the cell line. S c is the number of GO terms that have the same colour in both the tumour and cell line samples.
Results

Methods for cell line evaluation
Researchers have long been aware of the misidentification and contamination of cell lines. Over the past decade, many studies have assessed the conformity of cell line models. We summarized the methods used to evaluate cell lines since 2005 (Table 4) . These methods are generally based on DNA profiling, mutation or expression and are used to evaluate the cancer cell lines. [39] . Nearly half of the cell line studies that we evaluated used STR. Ayyoob et al. [40] used a STR DNA profiling method to confirm unique identity of a newly established oesophageal squamous cell carcinoma cell line (YM-1). Ye et al. [41] presented a comprehensive survey of cross-contamination in 380 samples from 113 independent sources in China using STR profiling methods. They found that 25% of the cell lines were cross-contaminated and that 85.51% of cell lines established in China were misidentified. J€ ager et al. [42] performed STR analysis on the cell line KU7 found that the KU7 cell line had been cross-contaminated with HeLa cells before 1984 at the source institution. Phuchareon et al. [43] performed DNA fingerprint analysis on six ACC cell lines using STR examinations and found that all six cell lines had been contaminated with other cells. Using more computational methods, Somaschini et al. [44] developed a software tool called Cell Line Identity Finding by Fingerprinting (CLIFF) to compare the STR profiles of 300 widely used tumour cell lines. However, STR profiling could only separate individual cell lines within a single species.
Single-nucleotide polymorphism (SNP) genotyping is another DNA profiling method that can be used to track biosamples [45] . Furthermore, some studies have integrated STR and SNP profiles to evaluate cell lines. Yu et al. [46] present a framework for cell line annotation linked to STR and SNP profiles, and provide a catalogue of synonymous cell lines. Schweppe et al. [47] evaluated thyroid cancer-derived cell lines using STR and SNP array analysis. They found that only 23 of the 40 cell lines tested had unique genetic profiles. Interestingly, some cell lines were found to be derivatives of the same cell line, and some cell lines were misidentified. P53 mutation is the most common genetic abnormality found in human cancers [48] . Berglind et al. [49] analysed the p53 status of 1211 cell lines. Their results clearly confirmed that misidentified cell lines are still a silent and neglected danger and that extreme care should be taken because an incorrect p53 status could lead to disastrous experimental interpretations. Korch et al. [50] obtained cell lines from multiple institutions and analysed them using DNA microsatellite STR, p53 nucleotide polymorphisms and microsatellite instability. Their results demonstrate significant misidentification, duplication and cross contamination.
For the interspecies identification of cell cultures, several polymerase chain reaction (PCR)-based methods have recently been described. Liu et al. [51] described a PCR-based method for the rapid identification and authentication of closely related cell lines. The method enables the routine identification of cell cultures among closely related species of various cell lines. Cooper et al. [52] developed a multiplex PCR-based assay to rapidly identify the most common cell culture species and quickly detect cross-contaminations among these species. Then, the 'barcode region' is amplified and sequenced by using a universal primer mix targeted at conserved sequences in the cytochrome c oxidase I gene. These assays can be used to accurately determine the species of cell lines. Unlike STR, PCR-based methods can only be used to identify cell lines from different species.
In addition to the tests described above, other studies have used different methods. Mirjalili et al. [53] conducted a 2 year study to detect the microbial contaminations and causative organisms of the cell lines in the Cell and Gene Bank, Biotechnology Department of Razi Vaccine and Serum Research Institute. The sterility test demonstrated that 39% of the cell lines were contaminated. Valletta et al. [54] developed and validated a rapid and routinely applicable method for evaluating cell culture cross-contamination levels based on mass spectrometric fingerprints of intact mammalian cells coupled with artificial neural networks (ANNs). Melcher et al. [55] performed a cytogenetic and genetic fingerprint analysis of the putative normal colon epithelial cell line NCOL-1 and found that it was probably derived from the colon carcinoma cell line LoVo, which likely occurred through cross-contamination. Capes-Davis et al. [56] summarized 360 cross-contaminated cell lines drawn from 68 references. These cell lines were classified according to the contamination type and time. With the development of sequencing technology, there are more and more genomic profiles in public databases. OlarerinGeorge et al. [19] surveyed NCBI's RNA-seq archive of 884 series to assess the prevalence of mycoplasma contamination in cell culture. They found that 11% of these series were contaminated. Domcke et al. [18] analysed a panel of 47 ovarian cancer cell lines and identified those that had the highest genetic similarity to ovarian tumours. From these, they identified several rarely used cell lines that more closely resemble cognate tumour profiles than the commonly used cell lines and proposed that these cell lines are the most suitable models of ovarian cancer.
In the present work, we examined the expression, copy number and mutation profiles as well as functional data. From this analysis, we chose the optimal cell line models for eight types of cancers by calculating KRCC and functional similarity between the samples. This method used more complete types of genomic data and evaluated more cancer types.
Different cancer samples can indeed be distinguished using the KRCC To verify whether different cancer samples can be distinguished by calculating KRCC, we downloaded the expression data of eight types of cancers from TCGA. Classification of the breast cancer molecular subtypes from the TCGA data was obtained from Koboldt et al. [57] .
To begin the analysis, we first computed the correlation among the samples of each cancer and between each pair of cancers. The correlation was measured by a uniform threshold (jcorrelation coefficientj > 0.4 and P < 0.05) to facilitate the comparison of the results. As shown in Table 5 , the values are the maximum/average numbers of related samples. The results suggested that the number of similar samples of the same cancer is clearly greater than the number of similar samples among the other cancers, especially when comparing the average value. The number of correlated samples between two cancers that originated from the same organ is higher than for other cancers originating from different organs. For example, almost all of the cancers have no correlated LGG sample, except GBM (26/23.85) and LGG (26/26) . The details of the calculated results are shown in Supplementary Table S2 .
Next, to evaluate the luminal (347 samples) and basal (88 samples) subtypes of BRCA, the correlation between samples from the same subtype or different subtypes was estimated (the same threshold jcorrelation coefficientj >0.4 and P < 0.05 was set as above) (Supplementary Table S3 ). Notably, the maximum and average numbers of related luminal samples to luminal samples are 345 and 340.06, respectively, and the maximum and average numbers of related luminal samples to basal samples are 321 and 169.34, respectively. Interestingly, luminal samples have a strong correlation to basal samples. However, the relevant sample proportion for basal subtypes was significantly lower than that of the luminal subtype.
Therefore, using KRCC to calculate the correlation between samples can effectively distinguish samples from different cancers or different cancer subtypes. Furthermore, if a cell line has low correlation with tumour samples, it should not be a suitable in vitro model. Therefore, KRCC can be used to filter cell lines that are more similar within a specific cancer type.
The workflow of our approach is depicted in Figure 1 . The expression, copy number and mutation profiles of eight types of cancers and six types of cell lines were downloaded from TCGA and CCLE, respectively. The profiles of cancer-related genes were extracted ( Figure 1A) . By applying KRCC, the inter-sample similarity between cell lines and tumours was calculated to obtain candidate cell lines ( Figure 1B) . Furthermore, to evaluate the functional correlation, the variant genes (differential expressed genes, copy number-altered genes and mutated genes) were detected and mapped to the GO term network to extract specific three-colour subnets for each tumour sample and cell line. The similarity score of each pair of the three-colour subnets was calculated. The optimal cell lines were confirmed if the previous candidate cell lines had functional similarity with the tumours as well ( Figure 1C ).
The expression, copy number, mutation and functional correlation of the cell lines and tumour samples This work used KRCC to calculate the similarity in expression and copy number for tumour samples and cell lines. In addition, we used the similarity scores of GO term networks to evaluate their functional closeness (Figure 2A, Supplementary Figures  S1A and S2A ). The similarity in mutation profile was assessed by evaluating mutations in, e.g. TP53, PIK3CA and KRAS.
The distributions of correlation coefficient of cancer samples are shown in Supplementary Figures S3-S5 . Then, the thresholds were decided by the median of the distribution. The thresholds of correlation and the functional similarity score in each cancer are shown in Table 6 . 100 permutations were performed using the strategy described in Method section. The results showed that no permutation meets the threshold we set to the real data so that no correlated pairs were obtained. The distributions of correlation coefficient of permutations are shown in Supplementary Figure S6 . Count score was the number of The total number of samples is in the brackets after each column name. The values indicate 'the maximum/average value of related samples' to the cancer of each row name. The number of similar samples of the same cancer is clearly greater than the number of similar samples among the other cancers, especially when comparing the average value. The number of correlated samples between two cancers that originated from the same organ is higher than for other cancers originating from different organs. Similarity calculation between TCGA and CCLE samples was computed using KRCC to obtain candidate cell lines. (C) Variant genes were selected for each sample of TCGA and CCLE, respectively. These genes were then mapped to the GO term network to get specific three-colour subnets. Then, the similarity score of TCGA and CCLE three-colour subnets was calculated. Finally, the optimal cell lines were obtained by the score and the candidate cell lines (DEG ¼ differential expressed gene; CNAG ¼ copy number altered gene; MG ¼ mutated gene.). A colour version of this figure is available at BIB online: https://academic.oup.com/bib. tumour samples associated with each cell line that met the threshold (Supplementary Table S4 ). The cell lines were sorted by count scores, and the top cell lines were retained. To illustrate the similarity between the cell lines and tumour samples without subtype, the top 15 mammary cell lines in terms of expression, copy number and function data were selected (Figure 2) . Likewise, the similarity between COAD and READ tumour samples and intestinal cell lines was calculated to evaluate the congruity between cell lines and tumour samples with subtypes. The top 10 cell lines were selected based on their expression, copy number and functional data ( Supplementary Figures S1 and S2) . The figures show that the top cell lines are significantly similar to more samples than the last cell lines.
As shown in Figure 3A , some cell lines were highly similar to many samples (such as T47D), whereas others were not similar to any of the tumour samples (such as EVSAT). The correlations between cell lines and tumours were not balanced in all aspects. For example, HCC38, HS606T and HS578T in the cell lines were not at all similar to the tumours in terms of their level of expression, copy number and function. Similarly, as shown in Figure  3B and C, the correlations between cell lines and the COAD or READ tumour samples were found to be unbalanced. For instance, SNU61 was correlated with many samples, but the number of correlated samples with HS698T was much less. HUTU80 was only similar to tumours on the level of copy number, and OUMS23 was significantly similar to tumours in terms of function. Interestingly, some cell lines had a higher correlation coefficient with COAD than READ, and vice versa, such as C2BBE1 and LS513.
In summary, different cell lines have different degrees of similarity to tumours, and have a different number of related samples. It is feasible to identify the optimal cell line for cancers based on relevance.
The optimal cell lines for different types cancers
Because of the high heterogeneity in malignant tumour samples, a cell line may not be able to highly correlate with tumour samples on all levels. Therefore, the optimal cell line to use as a model of tumours was defined as the cell line with similarities in at least three out of four of the following: expression, copy number, mutation and function (Table 7) .
Regarding breast cancer cell lines, T47D, MDAMB361 and MDAMB468 have high expression and functional scores and possess mutations in PIK3CA or TP53, respectively. However, the copy number score of these cell lines is not very high. HCC1954, SKBR3 and BT483 have the highest expression and copy number scores and have a mutation in PIK3CA or TP53. However, these cell lines do not have a high functional score. Therefore, based on these analyses, we believe that T47D, MDAMB361, MDAMB468, HCC1954, SKBR3 and BT483 are the optimal cell lines of BRCA.
Regarding intestinal cell lines, for both COAD and READ, SNU61 have the top scores in expression, copy number and function and contain mutations in KRAS and TP53. Both SW1463 and SW403 have high expression and copy number ranks as well as mutations in TP53 or KRAS. LS513 has high expression and function ranks and a mutation in KRAS. SNU283 has top scores in expression, copy number and function, but does not has any mutations in the three genes assessed (PIK3CA, TP53 and KRAS). Hence, SNU61 is the optimal cell line for colorectal cancer. SW1463, SW403, LS513 and SNU283 are all tied for 2nd place.
For COAD only, SW948 has the top scores in expression, copy number and function and contain a mutation in KRAS and PIK3CA. LS180 ranks highly in terms of expression and copy number, and has mutations in PIK3CA and KRAS. For READ only, NCIH508 is similar to the tumor samples regarding expression, copy number, and has mutations in TP53 and PIK3CA. Both NCIH747 and SW1116 have high copy number and function ranks as well as mutations in KRAS. Taken together, these results suggested that SW948 is the optimal cell line of COAD, and LS180 comes in second. And NCIH747, NCIH508 and SW1116 are the optimal cell lines of READ.
The optimal cell lines that were identified have similar genomic characteristics to tumour samples
To further validate the optimal cell lines, this work summarized the genomic characteristics of tumour samples. Different types of tumour samples have different genomic characteristics. BRCA, COAD and READ were used as examples.
Most of the BRCA samples have mutations in PIK3CA and TP53 ( Figure 4A) . Notably, all of the optimal cell lines (T47D, HCC1954, BT483, MDAMB361, SKBR3 and MDAMB468) of BRCA have mutation in at least one of these genes ( Figure 4B) . Furthermore, as shown in Figure 4C , the top mutated genes in the tumour samples have mutations in cell lines as well. Therefore, the optimal cell lines have the same mutation characteristics as the tumour samples.
The BRCA samples have significant copy number deletions on every chromosome. Additionally, these samples have significant copy number amplifications on chromosomes (chrs) 1, 6, 8, 11, 12, 16, 17 and 20 ( Figure 4E ). The genes with the highest copy number alterations in BRCA are shown in Figure 4D . As shown in this figure, the percentages of these genes' copy number alterations are similar in these cell lines.
Additionally, we investigated the expression similarity between the tumour samples and the optimal cell lines for BRCA. The top five differentially expressed genes (BRCA1, BRCA2, INHBA, E2F5 and TNFRSF11B) in the tumour samples were detected. As expected, these genes are significantly differentially expressed in the optimal cell lines ( Figure 4F ).
For COAD and READ, as shown in Figure 5A , most of the COAD and READ samples have mutations in PIK3CA, KRAS and TP53. Consistently, most of the optimal cell lines (SNU61, SW1463, SW403, SNU283, LS180, LS513, SW948, NCIH747, NCIH508 and SW1116) of intestinal cancer have mutations in at least one of those genes ( Figure 5B) . Furthermore, the top mutated genes in the tumour samples were also mutated in the cell lines ( Figure 5C ). Thus, the optimal cell lines have the same characteristics as the tumour samples with respect to mutations.
Samples of COAD have significant copy number deletions and amplifications in chrs 6, 10, 17 and 19. Additionally, they have significant copy number amplifications in chrs 8, 12, 13 and 20, and significant deletions in chrs 6, 10, 17 and 19 ( Figure  5E ). Samples of READ have significant copy number deletions and amplifications in chrs 1, 6 and 20. Additionally, they have significant copy number amplifications in chrs 8, 10, 11, 12, 13 and 17, and significant deletions in chrs 3, 4, 5, 16, 18 and 21 ( Figure 5F ). The genes with the highest copy number alterations in intestinal cancer are shown in Figure 5D . As shown in this figure, the genes evaluated have significant variation between the different cell lines.
In addition, we also investigated the expression similarity between intestinal tumour samples and the optimal cell lines. As shown in Figure 5G and H, the top five differentially expressed genes in COAD (PLA2G4A, EGF, SFRP2, PTPN13 and IGFBP2) and READ (PLA2G4A, ADRA2C, PTPN13, SFRP2 and IGFBP2) were detected. Notably, these genes differ significantly in expression compared with the optimal cell lines.
In conclusion, the optimal cell lines obtained by the method established in this work have similar genomic characteristics as the BRCA, COAD and READ tumour samples.
Some of the commonly used cell lines are not suitable for research, but some of the most suitable cell lines have not been used It has been confirmed that the optimal cell lines identified by the methods described in this work have the same genomic characteristics as the tumour samples. The next question to address is how frequently these optimal cell lines are used in research.
To this end, we searched the frequency that various cell lines are used as in vitro models for various cancers. The number of PubMed abstracts mentioning one of the CCLE cell lines was searched (built on 19 January 2016) using several punctuation alternatives for the cell line names. Interestingly, many of the optimal cell lines have rarely been used in research. Conversely, some of the popular cell lines that have been used frequently in research are not on our list of optimal in vitro models.
The literature references for the mammary cell lines are shown in Figure 6A . T47D is ranked 3rd, SKBR3 is ranked 4th, MDAMB468 is ranked 6th and MDAMB361 is ranked 12th based on actual usage frequency. However, BT483 and HCC1954 are not conventional cell lines. The literature reference for the intestinal cell lines is shown in Figure 6B . Four of the optimal cell lines are not used frequently, with the exception of LS180 and SW1116, which is ranked 12thand 14th, respectively. Of note, HT29, which is the most popular cell line, has a low similarity with the tumour samples. This cell line is ranked nearly 30th for expression, copy number or function in COAD and READ, except for the function of READ.
We next set out to extra determine whether our method is reliable. Cross-contaminated or misidentified cell lines were obtained from the International Cell Line Authentication Committee [56] . Nine of the cell lines used in this work are known to be contaminated (Table 8) . None of these cell lines was found in the list of optimal cell lines, and they have generally low scores for each of the variations. For example, the scores of BT20 for expression, copy number and function are only ranked no more than the 40th. However, BT20 is the 9th most used cell line ( Figure 6A) .
Our results are similar to those of Domcke et al. [18] . Four of our optimal ovary cell lines (KURAMOCHI, OVSAHO, OVCAR4 and TYKNU) are defined as 'likely high-grade serous' in their work. Although the scores of their top-ranked cell lines in our work are lower than those of our optimal cell lines, the cell lines still have relative high scores and are considered good cell line models by our analysis (Supplementary Table S5 ). Additionally, they claimed that the two most frequently used cell lines, SKOV3 
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LGG Astrocytoma Grade IV  1  4  -TP53  HS683 LGG Glioma 7  -14  TP53  SNB19 LGG Astrocytoma Grade IV  13  -2  TP53  U251MG LGG The optimal cell lines for each cancer. The table showed the rank of each cell line in gene expression (GE), copy number (CN) and GO term network similarity and somatically mutated (SM) genes of each cell line. It will be marked a '-' if the cell line is not on the top. A cell line is considered as a candidate if it is on the top in more than three aspects of the four. and A2780, which together account for 60% of the publications in their cell line panel, are poorly suited as models for HGSOC. In our work, the similarity between ovarian tumour samples and the two cell lines is noticeably low. Our results confirmed that the cell lines are unsuitable in vitro models of ovarian cancer. In addition, Wilding et al. [58] found that in colorectal cancer studies, most of the more commonly referenced cell lines are in fact mismatch repair deficient (DLD1, RKO, HCT116, LOVO, LS174T, SW48). These cell lines were not suitable cell line models in our study, either.
Finally, to verify the consistency of our results, we calculated the similarity between cell lines and tumour samples using data from a different source. Series GSE2109 was downloaded from the GEO database, which summarizes the expression data of multiple cancers. We used the data from four types of cancers (breast, intestine, kidney and ovary) to verify our optimal cell lines (jcorrelation coefficientj > 0.45, P < 0.05). Based on the results shown in Table 9 , the optimal cell line remained similar to most of the tumour samples, except TYKNU. This cell line did not have a high rank in expression when calculated using the TCGA data set previously, but it had a high degree of similarity in copy number, mutation and function of the tumours. In the summary, these results confirmed the optimal cell lines using different sources of data.
Discussion
Cell lines have been widely used as in vitro models of cancer in laboratories. However, increasingly, researchers are finding that some cell lines are no longer suitable for in vitro cancer studies because they are contaminated or mutated. To improve the accuracy of scientific research, it is necessary to find more suitable cell line models for each cancer type. In this work, we reviewed the methods for assessing cell line suitability since 2005. Although there are important discoveries revealed by these studies, there are also limitations. First, most of the studies only focus on one cancer or even one cell line; secondly, the majority of the studies did not use omics data. Therefore, in our work, we took advantage of additional types of genomic data to screen for the optimal cell lines for different types of cancers. We used the expression, copy number and mutation profiles to look for the optimal in vitro model of cancer by comparing the cell lines and tumour samples. Ultimately, one or more optimal cell lines were identified for eight different types of cancers. The optimal cell lines that we identified have high similarity with tumour samples in more than three of the four aspects (gene expression, copy number alteration, mutation and function), and these cell lines proved to have the same genomic characteristics as the tumour samples.
To verify the feasibility of our method, we used the method to calculate the similarity between samples from the same or different cancers. The results showed that the method can distinguish samples from different cancers and could identify the optimal cell lines for each type of cancer. To obtain more accurate results, we performed multiplatform normalization before calculating the correlation. Extremely strict statistical thresholds were set during all of the calculation processes. The genomic characteristics of the optimal cell lines have been evaluated to verify their accuracy. Finally, the accuracy of our method was verified by known contaminant cell lines from another perspective.
Cell lines could be ideal in vitro models of cancer because they are derived from tumour samples and have unlimited proliferation ability. The validation of the same genome characteristics of cell lines and tumour samples illustrates the mechanism from the molecular level.
Domcke et al. [18] summarized the genomic characteristics of the HGSOC tumour samples, and sought similar cell lines according to these characteristics. Although they found the optimal cell line accurately, other types of cancers still need to be evaluated. Alternatively, we used the genomic profiles (expression, copy number and mutation) to calculate the similarity between samples. This method identifies cell lines that best approximate the cancer samples and does not require the characteristics of the cancer to be summarized in advance. Therefore, this method can be applied to various cancers. The results will no doubt help researchers find more suitable in vitro models for cancer research, which will result in more accurate cancer mechanisms being uncovered. In our work, some cell lines had a high-count score, which illustrated that they were similar to many tumour samples. However, these cell lines did not all have a high correlation coefficient. This may be because of the fact that high frequency, recurrent somatic mutations or DNA copy number alterations are surprisingly rare in most solid tumours [59, 60] .
Among the cell lines that were not found to be optimal, a few have outstandingly high correlations with tumour samples based on their expression level. However, these cell lines do not have high correlations with tumour samples based on their copy number or mutation levels. These cell lines may be the most effective in studies that evaluate only one feature (such as HCC38 when considering only expression). However, the cell lines that have low correlations with tumour samples in all aspects may not suitable for cancer research any more (e.g. MDAMB134VI).
Some of the optimal cell lines we identified have extremely low frequency of use research. Although these cell lines have high relevance to cancer, they were not used in many studies because of limited laboratory resources or the unclear definition of the cell line subtypes. Conversely, some of the routine cell lines used in research were not on the optimal list of in vitro tumour models, including BT20, EVSAT, BT549 and A2780. The use of these unsatisfactory cell lines may affect the accuracy of the experimental results obtained. Therefore, it is extremely necessary to start using the most highly suitable cell lines.
Moreover, some cell lines may be suitable, but were not considered because there is no expression, copy number or mutation data for them currently. With the flourish of sequencing technology, we will have the opportunity to investigate these cell lines more comprehensively soon.
The present study only compared the expression, copy number, mutation and function of cell lines and tumours. However, there are other factors closely related to cancer (e.g. methylation) that were not considered because of data limitations. It is insufficient that we did not perform biological experiment validation on our results. In the future, we hope that the results will be further validated, and additional genome characteristics can be considered more comprehensively to perform more detailed and accurate screening of the cell lines.
Key points
• The identification of optimal cancer cell lines facilitates in vitro experiments, increases the experimental accuracy and helps identify more effective cancer treatment strategies.
• We summarized the cell line assessment methods used since 2005 and proposed a more comprehensive method that integrated multi-omics data to evaluate cell line similarity to primary tumours.
• We identified the optimal cell lines for eight types of cancers and found that some of the commonly used cell lines are not suitable cancer models.
Supplementary Data
Supplementary data are available online at http://bib.oxford journals.org/.
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